the generalized sequential Bonferroni (GSB) procedure of Holm to incorporate information from a Hardy-Weinberg disequilibrium (HWD) test into the CA trend test based on estimating weights from the p values of the HWD test. We proposed to smooth the weights to reduce possible noise.
Introduction
With the availability of a large number of datasets of genome-wide single-nucleotide polymorphisms (SNPs) for different human diseases, genome-wide association studies (GWAS) have become a useful approach to the identification of genes involved in common human diseases. For GWAS with case-control designs, one of the most widely used association tests is the Cochran-Armitage (CA) trend test [1] [2] [3] , which assumes an additive mode of inheritance. The CA trend test can control the type I error rate when there is departure from HardyWeinberg equilibrium (HWE) in the general population from which cases and controls are sampled [3] and can have higher power for additive and multiplicative disease models than other association tests such as the genotype association test using the Pearson's chi-square test statistic. However, this method can have very low power under a recessive disease model (e.g., [4] ); the situation becomes even worse in GWAS analysis due to stringent thresholds adjusted for multiple testing.
To detect an association between a marker and a disease under a recessive or dominant disease model, methods based on testing Hardy-Weinberg disequilibrium (HWD) among cases (e.g., [5] ) or testing the difference of HWD coefficients between cases and controls [6] have been proposed under the assumption of HWE in the general population. Although these methods have almost no power for testing association under additive or multiplicative disease models, they can provide useful information for detecting association under recessive and dominant disease models. More importantly, this information can be complementary to that provided by the CA trend test. In the development of methods powerful for different disease models, especially for the four commonly used (additive, multiplicative, dominant, and recessive) models, a straightforward idea is to combine the information provided by the CA trend test with that provided by the HWD test into a single test. For example, the Fisher's method [7] has been used to combine p values from the CA trend test and an HWD test [6, 8] . Compared to the CA trend test, Fisher's method can have much higher power for a recessive model and relatively higher power for a dominant model. However, it has lower power for additive and multiplicative models. Another example is the weighted average test statistic proposed by Song and Elston [6] . Based on developing an HWD trend test (which compares the HWD coefficient of cases with that of controls), Song and Elston [6] proposed a test statistic which is a weighted average of the CA trend test and the HWD trend test. It seems difficult to estimate the null distribution of the statistic. However, estimating p values by permutations can be computationally prohibitive for GWAS analysis.
Because the true underlying genetic disease models for real data are unknown, methods robust to different models have been developed. A recently widely discussed robust statistic is MAX3 (e.g., [9] ). At a biallelic marker, three CA trend test statistics can be calculated based on defining genotypic values assuming recessive, additive, and dominant modes of inheritances have optimal power when the true underlying disease models are recessive, additive, and dominant, respectively [9] . (As stated earlier, the CA trend test statistic assuming additive genotypic values is widely used for GWAS.) The MAX3 of Freidlin et al. [9] is the maximum of the absolute values of the three CA trend test statistics with genotypic values defined under recessive, additive, and dominant models, respectively. Since the asymptotic distribution of MAX3 is very complicated, approximation methods have been developed to estimate p values for MAX3 (e.g., [10, 11] ). In addition to MAX3, other robust tests, adaptive approaches based on genetic model selection (GMS) and genetic model exclusion (GME), have been proposed under the assumption of HWE in the general population [4, 11, 12] . These adaptive approaches first select (or exclude) the underlying genetic model by using an HWD trend test of Song and Elston [6] and then apply a CA trend test (or a linear combination of two CA trend tests), which uses genotypic values corresponding to the selected underlying model(s), to analysis of real data. MAX3 and the adaptive approaches have power robust to different genetic models. However, they can be time-consuming when applied to GWAS and can have relatively lower power than the widely used CA trend test statistic (assuming additive genotypic values) when underlying disease models are additive or multiplicative [13] , especially for small sample sizes. For example, from the simulation studies of Joo et al. [13] with 500 cases and 500 controls, when the disease locus followed a multiplicative model, the genetic relative risk for the wild homozygote was 1.5, and the minor allele frequency was 0.1, the power of the CA trend test was 0.35, which is 18.6% higher than the power (0.295) of MAX3, in relative pattern.
Because the additive genetic model is often assumed for GWAS in the literature and most identified genetic variants follow an additive mode of inheritance, in the present study, we aimed to develop a computationally efficient method for GWAS that not only has increased power under dominant and recessive disease models in comparison to the CA trend test but also maintains the power of the CA trend test under additive and multiplicative models. Specifically, we estimated a weight for each marker by using the p value of an HWD test using cases only [5] , and then we employed the generalized sequential Bonferroni (GSB) procedure of Holm [14] to adjust the p values from the CA trend test by the weights. This step is to achieve higher power than the CA trend test under dominant and recessive models. Further, we proposed to 3 smooth the weights used in the GSB procedure to make the power of the GSB procedure comparable to the CA trend test under additive and multiplicative models. Extensive simulation studies were performed to evaluate the GSB procedure and to compare it with several existing methods. Results from the simulation studies showed that in comparison to the CA trend test, the proposed GSB procedure had much higher power under a recessive model and could have higher power under a dominant model, and that the proposed procedure had power comparable to the CA trend test under additive and multiplicative models. Additionally, the results showed that the GSB procedure was robust to the departure from HWE in the general population. We applied the GSB procedure to the analysis of the genome-wide case-control data for seven complex diseases from the Wellcome Trust Case Control Consortium [15] .
Methods

Notation
Herein we use notations similar to those of Zheng and Ng [4] . We consider a genetic case-control design with r cases and s controls genotyped at m independent SNP markers across the whole genome; therefore, n = r + s represents the total number of individuals in the case-control sample. We assume there are no genotyping errors in the sample. For a biallelic SNP marker with alleles A and a , where A is the minor allele, let g i denote a genotype at the marker, where i denotes the number of minor alleles, and ( g 0 , g 1 , g 2 ) = ( aa , Aa , AA ). We assume that cases and controls are sampled from a homogeneous general population in which HWE holds and no stratification exists. In this article, f D g f C g , and f g denote the frequencies of genotypes g in the case population, control population, and the general population, respectively. Similarly, f D A , f C A , and f A denote the frequencies of allele A in the same three populations, respectively.
Association Tests for a Single Marker
Here we review two association tests for single marker analysis: the Cochran-Armitage trend test [1] [2] [3] , and the HWD test using cases only [5] . In our proposed method, we used the HWD test among cases instead of the HWD trend test of Song and Elston [6] , which compares the HWD coefficients between cases and controls, because our simulation studies suggested that the HWD test using cases only has slightly higher power than the HWD trend test when HWE holds and no stratification exists in the general population. 
where ( x 0 , x 1 , x 2 ) = (0, x , 1) are prespecified values for the three genotypes ( aa , Aa , AA ); r i and s i denote the observed counts of genotype g i in cases and controls, respectively, and n i = r i + s i is the number of individuals with genotype g i in the case-control sample. Under the null hypothesis of no association between a marker and the disease, Z x asymptotically follows a standard normal distribution N (0, 1), and Z 2 x asymptotically follows a 2 distribution with one degree of freedom. For recessive, additive (or multiplicative), and dominant models, the optimal choices of x are 0, ½, and 1, and the corresponding statistics are denoted as Z 0 , Z 1/2 , and Z 1 , respectively.
Because the underlying disease model is unknown in reality, the additive model assuming additive genotypic values ( x = ½) is often used in practice. As stated earlier, in this article, the CA trend test statistic always denotes the statistic assuming additive genotypic values ( x = ½) if other types of genotypic values are not arbitrarily assumed. We use T trend = Z 2 1/2 to denote the CA trend test statistic with x = ½. The statistic T trend can have high power when the underlying genetic model is additive or multiplicative, but it has very low power when the underlying genetic model is recessive.
HWD Test Statistic
The HWD test among cases has been used to test the genetic association between markers and a disease (e.g., [5] ) when assuming HWE in the general population. For testing HWD at a marker locus among cases, the test statistic [5, 16] based on comparing the observed counts of genotypes among cases with the corresponding expected counts can be written as This HWD test can provide valuable information that can be complementary to or different from that provided by the CA trend test for detecting genetic association when the underlying genetic disease model is dominant or recessive [17] but it provides little and no information under the additive and multiplicative disease models, respectively [5] . However, the HWD test statistic T HWD in (2) can have an inflated type I error rate when the minor allele frequency is low [18] . To control the type I error rate of the HWD test for a marker with low frequencies, a chi-square statistic corrected for continuity [19] can be used. A better choice is the HWD exact test [16] . Wigginton et al. [18] proposed a fast approach for the HWD exact test that can be applied to GWAS.
Multiple Testing for Genome-Wide Association Studies
GWAS involve multiple hypothesis testing, i.e., testing hundreds of thousands (or millions) of SNPs simultaneously. Here, we introduce some concepts on multiple hypothesis testing in the context of GWAS. Let p 1 , p 2 , ..., p m be p values of association tests for m independent markers corresponding to m null hypotheses of H 1 , H 2 , ..., H m , where H i is the null hypothesis of no association 4 between a marker and a disease. The commonly used criterion for error control in multiple testing is the family-wise error rate (FWER), which is the probability of rejecting at least one true null hypothesis (e.g., [20] ). The power of a multiple testing procedure can be measured by average power, taken to be the average power of individual tests corresponding to all false null hypotheses [21] .
In GWAS, a traditional association test (such as the CA trend test) is often used to test each single marker for its association with a disease. To control the FWER for multiple testing, the significant threshold for each single marker is often adjusted using the Bonferroni procedure. In this study we use the GSB procedure of Holm [14] to control the FWER for GWAS, and more importantly, to adjust p values from the CA trend test by weights calculated from the p values of the HWD test using cases only.
Generalized Sequential Bonferroni Procedure
Here we describe the GSB procedure of Holm [14] (1) , w (2) , ..., w ( m ) being the weights, and H (1) , H (2) , ..., H (m) being the hypotheses corresponding to the ordered B values. The GSB procedure can be described as follows (see also [20] ): starting from i = 1, given H (1) , H (2) , ..., H ( i -1) have been tested and rejected, if
, and stop the GSB procedure. The GSB procedure controls the FWER at the nominal significance level of ␣ if the weights are independent of the CA trend tests. From this procedure, we can see that to reject the hypothesis H ( i ) , the corresponding p value from the CA trend
In other words, if p c ( i ) 1 ␣ , irrespective of the size of the corresponding weight w ( i ) , the GSB procedure will not reject the hypothesis H ( i ) .
In the GSB procedure, if the weights are estimated appropriately by use of prior information, the procedure can have higher power than the corresponding Bonferroni procedure [14, 20] . Unfortunately, Holm [14] did not provide a method to determine weights for a GSB procedure.
Estimating Weights by Use of Information on HWD Among Cases
Here we propose a method to estimate weights for the GSB procedure in the context of GWAS by using information on HWD among cases. Let p To control the FWER of the GSB-HWD procedure, we need to prove that the HWD test statistic T HWD and the CA trend test statistic T trend at a marker are independent under the null hypothesis of no association in order to guarantee that the weights are calculated by using information independent of the CA trend tests. Zheng and Ng [4] proved that when HWE holds in the general population, the two statistics are asymptotically uncorrelated, i.e., the correlation coefficient of T trend and T HWD equals zero, under the null hypothesis. In this article we further prove that the two statistics T trend and T HWD are asymptotically independent (see online suppl. Appendix A) by demonstrating the vector ( T trend , T HWD ) follows a bivariate normal distribution when HWE holds in the general population.
GSB-HWD Procedure with Smoothed Weights
As will be shown in the simulation study section, in GWAS, the GSB-HWD procedure can have much higher power than the CA trend test (with Bonferroni correction) under the dominant and recessive models. However, like Fisher's method, the GSB-HWD procedure has lower power than CA trend test under the additive and multiplicative models because in this situation the weights from the HWD test provides essentially no information but simply contributes noise to the genetic association studies.
The additive model is often assumed for GWAS in the literature when the true underlying genetic model is unknown. Therefore, we hope to modify the GSB-HWD procedure so that it can maintain the power of the CA trend test under the additive and multiplicative models, but still have increased power under the dominant and recessive disease models. We employ a smoothing method of Roeder et al. [22] to achieve this goal. We calculate a smoothed weight w i for each marker as a linear function of the original weight w i and the average value ( w -) of the weights for all markers. Therefore, w i = (1 -) w i + w -, where
and is a parameter that represents the level of smooth (0 ^ ^ 1). If = 1, then all weights w i equal the constant w -, no weight information from the HWD test is used, and the GSB-HWD procedure is approximately equivalent to the CA trend test and has the highest power for additive and multiplicative models. If = 0, then w i = w i , i.e., the weights are not smoothed, and the GSB-HWD procedure will have the highest power for recessive and dominant models. Roughly speaking, the larger the value of , the higher the power of the GSB-HWD procedure will have for the additive and multiplicative models and the lower the power for recessive and dominant models. A problem is how to determine the optimal value of . Since we hope to preserve the power for additive and multiplicative models, we suggest using 6 0.6. In this paper, we used = 0.6. For simplicity, we call the GSB-HWD procedure using the smoothed weights the S-GSB-HWD procedure.
Simulation Design
To evaluate our proposed methods, we compared the FWER and average power of our methods (GSB-HWD procedure and S-GSB-HWD procedure) with those of several existing methods (HWD test, CA trend test, Fisher's method and MAX3) by simulation studies. As in other previous studies [4, 23] , we used Wright's coefficient of inbreeding F to measure the deviation from HWE in the general population. In our simulation studies, we considered two scenarios: (1) HWE held ( F = 0) in the general population, and (2) HWE was slightly violated (we considered F = 0.005 and 0.01).
Given the inbreeding coefficient F and frequency f A of the minor allele A at an SNP marker in the general population, the genotype frequencies f g at the SNP marker in the population can be computed as [23] 
We considered two case-control designs: (1) 1,000 cases and 1,000 controls with 1,000 SNPs. This design corresponds to an association study design for candidate genes. (2) 2,000 cases and 3,000 controls with 400,000 SNPs. This design is based on the GWAS data from the Wellcome Trust Case Control Consortium (WTCCC) [15] . Our simulated datasets were generated using a process similar to that described by Joo et al. [13] .
Evaluation of the FWER
To estimate the FWER for the methods being compared, we simulated 100,000 replicated datasets for each case-control design under the assumption that none of the m SNPs was associated with a disease, where m is the number of SNPs. We randomly sampled MAF f for the general population at each of the m SNPs from a uniform distribution U[0.1, 0.50] independently. To generate genotypes at an SNP for r cases and s controls, we followed a process of Joo et al. [13] and randomly generated genotype counts ( r aa , r Aa , r AA ) for the cases, where r = r aa + r Aa + r AA , from the multinomial distribution with parameter r and ( f aa , f Aa , f AA ), where f aa , f Aa , and f AA are calculated by equation (3) . We then randomly assign the genotypes aa , Aa , and AA to r aa , r Aa , and r AA individuals among the r cases, respectively. Similarly, we randomly generated genotype counts ( s aa , s Aa , s AA ) and assigned genotypes to the s controls by using the multinomial distribution with parameter s and ( f aa , f Aa , f AA ), where s = s aa + s Aa + s AA . FWERs were estimated as the proportion of 100,000 replicated datasets in which at least one of m true null hypotheses was rejected.
Evaluation of Power
For each case-control design, we chose 10 SNPs as disease SNPs (i.e., SNPs associated with the disease) with independent genetic effects. We set all disease SNPs to have the same MAFs in the general population. We considered three values for the MAFs: 0.1, 0.3 and 0.5. At each of the remaining non-disease SNPs, we generated genotypes for cases and controls in the same way as described in the previous section (on evaluation of FWER) for generating genotypes under the null hypothesis. Here we describe how we generated genotype data for each disease SNP. Let g = Pr(disease ͉ g ) be the penetrance of genotype g ( g = AA , Aa , aa ) at an SNP marker in the general population. Let ␥ 1 = Aa / aa and ␥ 2 = AA / aa be the genotype relative risks (GRRs) [24] . For the additive, multiplicative, recessive, and dominant genetic models, ␥ 1 and ␥ 2 satisfy the equations ␥ 2 = 2 ␥ 1 -1, ␥ 2 = ␥ 2 1 , ␥ 1 = 1 and ␥ 1 = ␥ 2 , respectively. Therefore, in our simulation studies, we used ␥ 1 as the GRR parameter for the additive, multiplicative and dominant models and ␥ 2 for the recessive model. For each replicated dataset, we set all disease SNPs to have the same GRR values.
Given the population prevalence ( k ), the inbreeding coefficient ( F ), population MAF ( f A ), and GRRs under a disease model, the penetrances g can be written as [25] :
The frequencies of genotype g among cases and controls for a disease SNP can be calculated by f
where f g is genotype frequency in the general population as described above in equation (3) . We randomly generated genotypes at each disease SNP marker for r cases and s controls by using the multinomial distributions Mult ( r , f
, respectively, in a similar way as described in the previous section on evaluating the FWER.
For each case-control design and each set of parameters, we estimated the average power of each method as the average power of individual tests for the 10 disease SNPs based on 1,000 replicated datasets.
Applications to GWAS of WTCCC Data
The WTCCC [15] conducted GWAS analyses for seven complex human diseases. The dataset for each disease consists of about 2,000 cases and 3,000 shared controls (genotyped with the Affymetrix 500K SNP chip). After quality control filtering, Less than 400,000 SNPs that mapped on the autosomes remained in the dataset for each disease. In this article, we considered only the analysis of autosomal SNPs. By using the threshold ␣ = 5 ! 10 -7 for each single SNP, the WTCCC identified a total of 21 diseasesusceptible regions with significant SNPs for the seven diseases by either the genotype association test (GAT) using Pearson's chisquare test statistic or the CA trend test (see online suppl. table 5). To make comparisons with these results at the same level of threshold, when we applied the GSB procedures to m autosomal SNPs in each dataset, we used a nominal FWER (overall significance) level of 5 ! 10 -7 ؒ m .
Results
We applied the six methods (HWD test, CA trend test, Fisher's method, GSB-HWD procedure, S-GSB-HWD procedure and MAX3) to the simulated datasets to evaluate FWERs and power. For MAX3, we used the asymptotic distribution approach asy of Zang et al. [11] implemented in the R package Rassoc to estimate the p values.
Evaluation of FWER
The empirical FWER at the nominal significance levels of 0.01, 0.05, and 0.1, for the two case-control designs based on 100,000 replicates assuming that no SNPs are associated with the disease are reported in table 1 . When HWE holds ( F = 0) or is slightly violated ( F = 0.005, 0.01) in the general population, we can see that CA trend test, MAX3 and our two GSB-HWD procedures controlled the FWER quite well. The HWD method had an inflated FWER, especially when HWE did not hold. Fisher's method had a slightly inflated FWER when HWE held and had FWERs much higher than the corresponding nominal levels when HWE did not hold. To control the FWER, our S-GSB-HWD procedure requires only that the weights estimated from the HWD test are independent of the CA trend test, no matter whether the HWD test controls the FWER or not (see also [14] ).
Power Comparisons
Since the HWD test using cases only and Fisher's method can have inflated FWERs, especially when HWE does not hold in the general population, we only listed the power of these methods in the tables when HWE holds in the general population to show how much information the HWD test can provide and to show that Fisher's method has lower power than the CA trend test under the additive and multiplicative models.
Results when HWE Held in the General Population
When HWE holds in the general population ( F = 0), the estimated average power of the methods being compared is reported in tables 2-5 . From tables 2 and 3 , we can see that under the additive and multiplicative models, MAX3 always had lower power than the CA trend test, especially for small sample size, whereas our S-GSB-HWD procedure (using smoothed weights) had power always very close to that of the CA trend test. For example, for the case-control design with 1,000 SNPs, when GRR = 1.25 (i.e., ␥ 1 = 1.25, ␥ 2 = 1.5) and MAF = 0.3, if the disease SNPs followed the additive model, the power of the CA trend test, our S-GSB-HWD, and MAX3 was 0.2732, 0.2612 and 0.2273, respectively ( table 2 ); the power of MAX3 is 16.8% lower than that of CA trend test, in the relative pattern. From table 4 , we can see that under the recessive model, our S-GSB-HWD procedure had much higher power than the CA trend test; we also noted that MAX3 had higher power than our S-GSB-HWD procedure. For example, when GRR = 1.6 (i.e., ␥ 1 = 1.0, ␥ 2 = 1.6), and MAF = 0.3, for H WD, CATT, and Fisher denote HWD test among cases, CA trend test, and Fisher's method, respectively. Each of these methods was applied to the simulated data with Bonferroni correction. S-GSB-HWD = GSB-HWD procedure using smoothed weights with = 0.6. a Wright's coefficient of inbreeding. b Overall significance level (nominal FWER). c Case-control design with 1,000 cases, 1,000 controls, and 1,000 SNPs. d 2,000 cases and 3,000 controls with 400,000 SNPs. Bolded numbers denote inflated FWER. 7 the design with 400,000 SNPs, the power of the CA trend test, our S-GSB-HWD procedure, and MAX3 was 0.1299, 0.4486 and 0.6366, respectively; for the design with 1,000 SNPs, the power of the CA trend test, our S-GSB-HWD and MAX3 was 0.0778, 0.1834 and 0.2817, respectively.
From table 5 , we can see that when the underlying disease model is dominant, our S-GSB-HWD procedure had power higher than the CA trend test, except when MAF = 0.1, the two methods had comparable power. We can also see that our S-GSB-HWD procedure had power slightly higher than MAX3 (when MAF is equal to either 0.1 or 0.3) and had power lower than MAX3 (when MAF = 0.5 and GRR 1 1.35). For example, when GRR = 1.3 (i.e., ␥ 1 = ␥ 2 = 1.3), and MAF = 0.3, for the design with 400,000 SNPs, the power of the CA trend test, our S-GSB-HWD procedure and MAX3 was 0.2281, 0.3608 and 0.3384, respectively. As stated earlier, MAX3 had relatively lower power than the CA trend test under the additive and multiplicative models.
Results when HWE Is Violated in the General Population
When HWE was not held in the general population ( F = 0.005 and 0.01), the estimated average power of the methods being compared is reported in online supplementary tables 1-4. When F = 0.005 and 0.01, in most situations, the power of our S-GSB-HWD method was very close to the corresponding power of the method with F = 0 (reported in tables 2-5 ), except that for the dominant model, the S-GSB-HWD method had decreased power in some cases when F = 0.01 (see online suppl. table 4). However, our S-GSB-HWD method still had power higher than the CA trend test under the recessive and dominant models. M AF = Minor allele frequency; GRR = genotype relative risk ␥ 1 ; S-GSB-HWD = GSB-HWD procedure using smoothed weights with = 0.6. a 1,000 cases and 1,000 controls with 1,000 SNPs. b 2,000 cases and 3,000 controls with 400,000 SNPs.
Application to GWAS of the WTCCC Data
We applied our S-GSB-HWD procedure (see online suppl. table 5) to the analyses of the WTCCC data. Since the HWD test using cases only and Fisher's method cannot control the FWER, and the original GSB-HWD procedure has relatively lower power than the CA trend test under the additive and multiplicative models, we did not apply these three methods to the WTCCC data. The WTCCC group applied the CA trend test and the genotype association test (GAT) using the Pearson's chisquare test statistic (with a threshold 5 ! 10 -7 for each SNP) to the dataset for each of the seven diseases. The CA trend test identified significant SNPs in 18 regions in total for the seven diseases. All these regions were identified by our S-GSB-HWD procedure using smoothed weights. Our method identified an additional significant SNP rs17042725 for bipolar disease that was not located in the regions identified by WTCCC with the CA trend test or GAT. This SNP may be used for replication or follow-up molecular or bioinformatics studies.
For comparison, we also applied MAX3 to the data (Max was implemented by the asymptotic distribution approach asy of Zang et al. [11] ). For Crohn's disease, with the threshold 5 ! 10 -7 (used by the WTCCC) for single SNPs, the SNP rs10761659 was identified by the CA trend test (p value = 2.677 ! 10 -14 ) and our S-GSB-HWD procedure but not by MAX3 (p value = 7.516 ! 10 -7
). This might be because this SNP may follow the additive or multiplicative model, and MAX3 has relatively lower power under the additive and multiplicative models. We also note that some SNPs identified by MAX3 were not identified by the CA trend test and our S-GSB-HWD pro- 
Discussion
We have proposed a simple and fast S-GSB-HWD procedure that uses smoothed weights for GWAS. The S-GSB-HWD procedure is based on application of the generalized sequential Bonferroni procedure of Holm to the incorporation of information of the HWD test using cases only into the CA trend test. When HWE holds or is only slightly violated in the general population, our S-GSB-HWD procedure can control the FWER very well. Compared to the widely used CA trend test (which assumes an additive mode of inheritance), our S-GSB-HWD procedure has much higher power for the recessive disease model and higher or comparable power for the dominant model but also roughly maintains the power of the CA trend test for the additive and multiplicative models. In addition, compared to the CA trend test, for casecontrol data with larger sample sizes, our S-GSB-HWD procedure can gain much more increased power under the recessive and dominant disease models compared to the CA trend test ( tables 2-5 ). Therefore, our proposed method is more suitable for data with large sample sizes (such as 6 1,000 cases and 6 1,000 controls).
In the S-GSB-HWD procedure, the smoothed weights depend on the smooth parameter ; how to determine the optimal value of is an open question. Based on our simulation studies, it appears the optimal value of does not depend on the number of SNPs but only depends on the underlying disease models. When the underlying disease models are unknown, setting = 0.6 is a good choice.
We note that when the MAF is low (such as ^ 10%), in comparison to the CA trend test, our S-GSB-HWD procedure does not have much increased power for all GRR values under the dominant model and for GRR ^ 2.0 under the recessive model because the procedure does not gain much information from the HWD test using cases only.
From section 2.3.1. on the GSB procedure, we know that one required condition to reject the null hypothesis of no association at a marker is that the p value from the CA trend test ( p c ) is less than the nominal FWER level ␣ (such as 0.05), i.e., p c ! ␣ (this means that the marker has at least some weak association signal). In other words, if p c 6 ␣ , no matter how small the p value from the HWD test (or how big the weight for the marker), the S-GSB-HWD cannot reject the null hypothesis. In some situations, genotyping error can cause very small p values of the HWD test using cases only. This feature of the GSB procedure described here can prevent some false positive findings due to the very small p values caused by genotyping errors. M AF = Minor allele frequency; GRR = genotype relative risk ␥ 1 ; S-GSB-HWD = GSB-HWD procedure using smoothed weights with = 0.6. a 1,000 cases and 1,000 controls with 1,000 SNPs. b 2,000 cases and 3,000 controls with 400,000 SNPs.
